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Background and GenomicsNext

Study Design and Procedures

Analysis of cell-free DNA (cfDNA) provides a rapid, repeatable, and non-
Invasive window into tumor biology, yet tissue biopsies are still often
needed for accurate phenotyping and treatment guidance. A liquid biopsy
approach that captures both genomic alterations and expression-like
features could strengthen patient monitoring and lessen biopsy reliance.
Here, we integrate a custom hybrid-capture panel targeting gene
regulatory regions with a comprehensive genomic profiling (CGP) panel
Into a single cfDNA sequencing assay. Our bioinformatic pipeline

GenomicsNext: CRRs and Promoters of 2,704 genes (2.44 Mb)
sequenced at ~15,000x depth
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Fastq files were processed through the ExpressCT fragmentomics Pipeline and variant
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Invasive tumor phenotyping.

adenocarcinoma patients were collected and analyzed. allele frequencies were calculated in parallel to the ExpressCT pipeline.

= Samples were splitinto train and test sets for each model and cross validation feature selection

GenomicsNext™

CGP panel Performance

DNA Alterations

Gene Expression Breast vs Lung; n = 80

was performed; all features mapping to ChrX were excluded in Lung vs BRCA classifier.

Breast ER+vs ER-; n =42

Breast PR+ vs PR-; n =42

= Classifier models were trained using features from the CGP only, the GenomicsNext panel only,
and using features from both the CGP panel and GenomicsNext panel.

GenomicsNext (GN) Performance
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* Tracking expression of fumor antigens [vaccines)
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* Tumor subtyping and monitoring resistance

* Tumor phenotypes [proliferation, tumor of origin)

* Gene expression signatures

* Biomarker discovery using expression-like data matrices
* Movel alteration-expression associations and algorithms

°* Each model assigns a signhature score that lies
on a continuum and represents the strength of
the call for a given subtype.

Combined Performance
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°* ER and PR Models trained us CGP panel features only were
highly accurate with an AUC of 0.94 and 0.96, respectively
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* The Breast vs Lung model trained using the GN panel features was more
accurate than the CGP model; ER and PR GN models were less accurate
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Conclusions
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cfDNA is expected to improve detection
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